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Abstract
To support real-time and domain-customized edge intelligent
applications, LLMs are increasingly deployed on edge com-
puting servers. However, we observe that current MoE-based
LLM serving systems, inherited from the cloud-based archi-
tectures, face a critical sparsity-vanishing problem when
serving at the edge: tokens within an input batch often acti-
vate a large fraction of experts, which incurs significant I/O
overhead from frequent expert swapping between CPU and
GPU memory, ultimately degrading system throughput. In
this work, we propose Saber, a sparsity-aware scheduling
framework optimized for efficient MoE-based LLM serving
on edge servers. The core idea of Saber is to introduce a
group-level batching strategy that dynamically identifies re-
quests with similar activated experts, and coalesces them to
construct sparsity-preserving input batches. To ensure effi-
cient online execution, activation patterns are precomputed
and clustered offline, enabling fast request grouping through
a lightweight classifier at runtime. Additionally, Saber in-
corporates a utility-driven priority scheduling mechanism
to maximize inference throughput while maintaining low
latency by intelligently adjusting group priorities. Experi-
ments on representative MoE-based LLMs demonstrate that
Saber significantly outperforms existing sparsity-agnostic
schedulers, achieving up to 3.8× lower batch execution time
and 3.27× higher throughput at comparable latency levels.

CCS Concepts
• Human-centered computing→ Ubiquitous and mo-
bile computing systems and tools; •Computingmethod-
ologies→ Artificial intelligence.
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1 Introduction
Large language models (LLMs) empower a variety of emerg-
ing edge intelligent applications, such as personal AI assis-
tant [39, 59], smart sensing [49, 64], autonomous driving [25],
and healthcare [43, 44]. To deliver responsive and domain-
customized services, it is imperative to run LLM inference
directly at the edge [32, 46, 65], typically on on-premises edge
servers, which can be gateways or strong compute nodes
within local edge networks. For example, in smart homes, an
LLM deployed on the central hub can offer inference services
to laptops, tablets, and IoT-enabled appliances; in healthcare,
edge servers hosting LLMs can process data streams from
medical IoT devices to provide real-time analysis and alerts.
To facilitate such deployments, edge hardware vendors have
presented specific hardware and development kits, such as
Azure Stack Edge [4] and AWS Outposts Server [3].

However, edge servers are typically provisioned with lim-
ited compute resources (e.g., weak GPUs), which cannot
accommodate complete LLMs in GPU memory for inference.
A common architecture to reduce resource requirements is
applying sparsely-activated mixture-of-experts (MoE) mod-
els [14, 37, 48] which activate only a small subset of parame-
ters, namely experts, for each input token during inference.
As such, the bulk of the model weights can be offloaded to the
CPU memory or disk, and further be loaded into GPU mem-
ory for inference on demand, thereby significantly reducing
both runtime computational cost and memory requirements.
Efficiency bottleneck of MoE serving at the edge.

Edge servers must handle concurrent requests from multiple
edge devices. Sequentially processing each request incurs
large queuing delays, and thus existing LLM serving systems
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typically employ batched inference, processing multiple re-
quests simultaneously to improve computation efficiency
and throughput. However, we observe a critical efficiency
bottleneck arising from the sparsity-vanishing phenomenon:
While each token individually activates only a few experts,
the aggregation of tokens from multiple requests in a batch
can collectively activate a large fraction of experts, undermin-
ing the sparse activation property. Consequently, without a
much larger GPU memory to accommodate this expanded
set of active experts, the system must perform frequent I/O
operations to swap experts between CPU and GPU memory.
These excessive I/O operations introduce additional latency,
severely reducing inference speed and system throughput.
Limitations of existing LLM serving systems. Prior

works optimized batch scheduling strategies and inference
pipelines to improve inference efficiency, but failed to handle
this sparsity vanishing problem. (1) Batch scheduling opti-
mizations [9, 13, 26, 70] focused on runtime request schedul-
ing according to deployment characteristics. However, these
strategies primarily optimize for serving generic LLMs on
cloud servers, which are less effective for serving MoE mod-
els on resource-constrained edge servers due to their sparsity-
agnostic designs. (2) Inference pipeline optimizations [17, 29,
34, 69] attempted to maximize the temporal overlap between
computation and I/O processes to reduce inference latency
through predicting and preloading active LLM parameters.
However, the sparsity-vanishing problem incurs excessive
I/O overhead, which is difficult to fully overlap with computa-
tion. This blocks the subsequent computation tasks, leading
to increased inference latency and degraded throughput.

Motivation. The above limitations motivate us to develop
Saber, a sparsity-aware scheduling framework designed
to mitigate excessive I/O overhead caused by the sparsity
vanishing issue, and improve LLM serving efficiency and
throughput on edge servers. We observe that the sequential
batching strategy, though simple and fair, leaves tokens with
similar activation patterns scattered across different batches,
leading to frequent memory swapping for the same experts.
Our key idea is to identify the tokens with similar activa-
tion patterns, manage requests as similarly-activated groups,
and batch them in a way that activates only a small subset
of experts. This approach optimizes the utilization of ex-
pert loading, while maintaining the computational efficiency
through batched inference for MoE-based LLM serving.

Design challenges and proposed solutions. To realize
Saber, we address three key design challenges arising at the
level of token, request, and request group, respectively.
• Efficiently identifying tokens with similar activation pat-

terns. Online scheduling must efficiently and accurately de-
termine the tokens that activate similar experts (i.e., follow
similar activation paths). Predicting the activation path for a
given token is complex due to the need to capture the con-
textual semantics of the input sequence. While large models

provide accurate predictions, they are computationally ex-
pensive; small models are more efficient but less accurate,
leading to unexpected expert loading during inference. To
address this challenge, Saber shifts this complexity to an of-
fline profiling stage. Leveraging the sparse and structured
nature of activation path distributions in a given LLM, we
identify valid activation paths, perform path clustering, and
train a lightweight DNN to classify tokens into path clusters
directly. This substantially reduces prediction complexity,
thereby enabling efficient and accurate online execution.
• Effectively grouping requests in different inference stages.

Each request goes through two stages during inference: pre-
filling and decoding. Unlike the decoding stage that input
only one token in each iteration, the prefilling stage involves
processing multiple tokens in the input prompt. Processing
all the prompt tokens in a batch maximizes computation effi-
ciency but suffers from sparsity vanishing, while processing
tokens sequentially preserves sparsity but leads to excessive
inference iterations and high latency. To tackle this challenge,
we leverage the temporal locality of expert activations, i.e.,
adjacent tokens tend to activate the same experts, and intro-
duce an adaptive prompt splitting approach to split prompts
into smaller chunks with similar activation patterns. Then,
we employ hybrid batching that enables scheduling prefilling
chunks with similarly-activated decoding requests, thereby
preserving activation sparsity while minimizing latency.
• Scheduling groups for high throughput and low latency.

Scheduling the grouped requests to optimize throughput
without sacrificing latency is non-trivial. Throughput-oriented
scheduling prioritizes large groups to maximize throughput,
but potentially causes a high tail latency, as the groups as-
sociated with infrequent activation paths may experience
starvation. In contrast, latency-oriented scheduling mitigates
starvation by prioritizing long-waiting groups, but reduces
throughput due to unsaturated batches. Saber addresses this
challenge with a priority scheduling mechanism that jointly
considers throughput and latency through a unified utility
metric. This metric favors large groups while dynamically
increasing the priority of long-waiting groups to prevent
starvation. Furthermore, Saber enhances the throughput-
latency trade-off by adaptively merging groups based on
their activation path similarities, allowing flexible adjust-
ments between batch size and I/O overhead.

Contributions of this work are summarized as follows:
• We identify the sparsity-vanishing problem as a key

efficiency bottleneck in MoE-based LLM inference serving
systems on resource-constrained edge servers.
•We propose Saber, a sparsity-aware scheduling frame-

work to support efficient MoE model inference on edge
servers. By intelligently identifying, grouping, and batch-
ing requests with similar activation paths, Saber preserves
activation sparsity under batched inference, thereby reduc-
ing I/O overhead and improving inference efficiency.
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Figure 1: The architecture of MoE-based LLMs (left),
and the activation path for an input token (right).

•We implement and evaluate Saber using three types of
MoE-based LLMs: Switch Transformers, LLaMA-MoE, and
Qwen1.5-MoE. Experiment results show that Saber enables
high-throughput, low-latency LLM services, significantly
outperforming sparsity-agnostic scheduling policies. Specifi-
cally, Saber reduces I/O overhead by up to 1.95× per input
batch, and achieves up to 3.8× lower batch execution time
and 3.27× higher throughput at the same level of latency.

2 Background and Motivation
2.1 Edge Computing for LLM Services
Deploying LLMs to on-premises edge servers is increasingly
important for supporting responsive and context-aware intel-
ligent applications in local environments, such as smart home
hubs for local automation (e.g., Xiaomi Miloco [6, 38]), intelli-
gent factory floors for real-time industrial AIoT (e.g., NVIDIA
Jetson Orin [7]), and healthcare clinics for on-premises mon-
itoring (e.g., Azure Stack Edge [4] with medical AI). Notably,
edge deployment offers several key advantages: (1) Low la-
tency: eliminates long-distance cloud communication for fast,
stable responses. (2) Customization: enables fine-tuned LLMs
for domain-specific accuracy and privacy. (3) Multi-device
service: a shared server supports heterogeneous edge devices
without requiring per-device LLMs. (4) Resource efficiency:
reduces bandwidth and cloud token budgets.
To balance compute capability, power efficiency, and de-

ployment cost, edge servers are commonly equipped with
a single consumer- or edge-grade GPU for LLM inference.
For instance, the Premio LLM-1U [8] and smart home plat-
forms like Home Assistant [5] (e.g., via an RTX 3060) adopt
this setup for local LLM automation, while NVIDIA Jetson
devices can support smart retail and industrial applications.
These servers commonly serve requests from nearby devices
(e.g., tens of sensors or user terminals). Edge devices trans-
mit compact prompts to the local LLM and receive rapid
responses, enabling scalable and efficient edge intelligence.

2.2 MoE-Based Large Language Models
Sparsely-activated MoE models. Given the high resource
demands of LLM inference, sparsely-activated MoE mod-
els [37, 48] are particularly suitable for resource-limited edge
servers. As illustrated in Figure 1, the standard feed-forward
networks (FFNs) within the LLM are replaced with MoE
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Figure 2: Illustration of an edge LLM inference serving
system using expert offloading technique.

layers. Each MoE layer comprises multiple FFNs, referred
to as experts, and a token router. For an input token, the
router computes routing scores across all experts, and only
activates top-𝑘 experts with the highest routing scores. The
activated experts across MoE layers for an input token form
an activation path (e.g., {𝐸12, 𝐸23, 𝐸32, 𝐸41} for 𝑇1) which
engages only a small subset of the LLM’s parameters, thereby
enabling edge platforms to deploy LLMs without requiring
resources proportional to the full model size.
MoE model inference. Similar to general generative

LLMs, MoE-based LLMs follow an autoregressive inference
paradigm. Given a prompt represented as a sequence of to-
kens, the LLM generates a series of new tokens as output. A
complete generation process goes through two stages: pre-
filling and decoding. Specifically, in the prefilling stage, the
LLM processes all tokens in the prompt in parallel in one
iteration (i.e., one forward pass of the LLM), and generates a
new token next to the prompt. Then, in the decoding stage,
the LLM takes the token generated in the last iteration as
input for the current iteration, and generates the next token.
This process is repeated for multiple iterations until a special
token “<EOS>” is generated indicating the end of generation,
or the sequence length has reached a maximum number.

2.3 Serving MoE Models on Edge Servers
Figure 2 illustrates a typical LLM inference serving system,
which comprises two main components: a request scheduler
and an inference engine. In each inference iteration, the sched-
uler selects a batch of requests from the request waiting pool,
creates an input data batch, and sends it to the inference en-
gine. The inference engine then performs LLM inference to
generate new tokens, and returns the results to the scheduler.
These results are either queued for future inference iterations
or sent back to users if the generation is complete. To effi-
ciently handle requests from multiple devices, LLM serving
systems commonly employ batched inference, which com-
bines multiple requests into a single large input tensor for
inference computation. This method improves computation
efficiency and system throughput, as LLM inference relies on
tensor operations, and inference engines are optimized for
processing large tensors using parallel computation units.

Expert-offloading-based LLM inference engine. Due
to limited resources, edge servers can not deploy complete
LLMs in GPU memory for inference. Fortunately, leverag-
ing the sparse activation property of MoE, it is feasible to
serve MoE-based LLMs on edge platforms through expert
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Figure 4: Impact of sparsity vanishing. Expert weights
are offloaded to CPU memory and loaded into GPU on
demand. Switch-𝑛 denotes 𝑛 experts per MoE layer.

offloading [11, 29, 34, 68, 69]. As illustrated in Figure 2, this
technique maintains only the active expert weights in GPU
memory, while offloading inactive experts to CPU memory
or SSDs. During inference, the required experts are dynami-
cally loaded into GPU memory on demand. Since the experts
constitute the majority of an LLM’s weights, the expert of-
floading technique significantly reduces the GPU memory
footprint. For instance, for a Switch Transformer [21] with
32 experts per layer, the sparse MoE layers account for 89.7%
of the total model weights, and expert offloading can reduce
memory usage for model weights by up to 7.63×.

2.4 Limitations of Existing Systems
Although current LLM serving systems are highly optimized
for cloud environments, they fall short of serving MoE-based
LLMs on edge servers due to their sparsity-agnostic designs,
suffering from the following sparsity-vanishing problem.

Sparsity-vanishing problem. This problem arises when
multiple tokens are processed in parallel, which occurs dur-
ing prompt prefilling and batched decoding. As illustrated
in Figure 3, each input token activates only a small subset
of experts (an activation path), while tokens from different
requests in a batch tend to activate diverse subsets, causing
a large fraction of experts to be activated for the batch. As
a result, the sparsity property diminishes as more tokens
are processed in parallel, leading to excessive data transfer
overhead for swapping in and out expert weights between
CPU and GPU memory. We use Switch Transformers to ex-
emplify this issue. As shown in Figure 4 (left), the number
of activated experts grows rapidly with the number of input
tokens. For instance, in Switch-64, 32 tokens activate over 10
experts per layer, incurring over 1 GB of data transfer. This
overhead further escalates to 3 GB for 256 tokens, which is
30.1× higher than the single-token sparse-activation case.

Time
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(b) Expert weights preloading (sparse activation)

(c) Expert weights preloading (sparsity vanishing)

(d) Expert weights preloading & Sparsity-aware batching
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Figure 5: The inference pipeline under different expert
loading strategies and activation patterns.

Furthermore, Figure 4 (right) indicates that expert loading
dominates inference latency (e.g., averaging 84.5% with 64
tokens), making it a critical bottleneck for edge LLM serving.
Limitations of existing schedulers. Various request

schedulers have been developed to improve throughput and
reduce latency in LLM serving systems [9, 26, 35, 70]. For ex-
ample, Orca [70] proposes iteration-level scheduling to elim-
inate redundant computation and reduce the waiting time
inherent in request-level scheduling. Recognizing the dis-
tinct characteristics between prefilling and decoding, Sarathi-
Serve [9] andDeepSpeed-FastGen [26] divide prefilling prompts
into uniformly sized chunks to balance batch computation
loads and mitigate pipeline bubbles. Despite these advances,
existing schedulers typically select requests sequentially
from the waiting pool. Their constructed batches result in
sparsity vanishing, thereby degrading throughput due to
excessive I/O costs when deployed on edge servers.
Limitations of existing inference engines. Another

line of work optimizes inference pipelines to mitigate the
performance degradation due to expert loading [29, 50, 52,
66, 68, 69], employing techniques such as expert preloading
and efficient compute-I/O parallelism. The primary goal is
to overlap computation and data transfer temporally to ac-
celerate inference (Figures 5 (a)-(b)). For instance, Pre-gated
MoE [29] and EdgeMoE [69] predict the required experts for
the next MoE layer, and preload their weights before they are
needed for computation. However, thesemethods remain less
effective for batched inference, as sparsity vanishing results
in massive expert weights to load. This data transfer process
is time-consuming, which is hard to overlap with computa-
tion (Figure 5 (c)). Consequently, this blocks the subsequent
computation tasks, and degrades system performance [11].

Ourmotivation.The above limitationsmotivate a sparsity-
aware serving framework that reduces expert I/O without
sacrificing the computational efficiency of batched inference.
To achieve this, Saber builds on a key insight: requests with
similar activation paths can be grouped and co-scheduled
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Figure 6: CDF of path similarity and the corresponding
activation ratios for 𝑏𝑎𝑡𝑐ℎ_𝑠𝑖𝑧𝑒 = 16 and 𝑝𝑜𝑜𝑙_𝑠𝑖𝑧𝑒 = 48.

within each inference iteration, enabling their tokens to reuse
overlapping expert subsets rather than collectively activat-
ing a large fraction of the model. To quantify this grouping
potential, we analyze the in-batch path similarity (measured
as average pairwise overlap coefficient) and corresponding
activation ratios for 1000 batches constructed by traditional
and sparsity-aware strategies. As shown in Figure 6, the
sparsity-aware strategy substantially increases path simi-
larity, and reduces the number of activated experts. For ex-
ample, in Qwen1.5-MoE, traditional batching yields a low
in-batch path similarity of 0.074, and activates 60.7% of the
total experts per batch. In contrast, sparsity-aware batching
increases the similarity to 0.22, and reduces the activation ra-
tio to 37.7%, corresponding to a 6.1 GB reduction of expert I/O
overhead per batch. This potential is consistently observed
across various workloads, with further results and analy-
sis provided in Appendix A. By exploiting it to construct
sparsity-preserving batches, Saber reduces expert-loading
overhead and improves inference efficiency (Figure 5 (d)).

3 Design Challenges and Opportunities
The goal of Saber is to preserve activation sparsity during
batched inference while balancing throughput and tail la-
tency. To achieve this, we address three key challenges.

Challenge 1: How to efficiently identify tokens with similar
activation paths under complex semantic-path correlations?

Opportunity 1: Cluster-level token classification (§5.1). To
address this challenge, we propose an alternative to exact
per-token path prediction by exploiting the structured nature
of activation patterns in LLMs. Specifically, the activation
paths of an LLM are not uniformly distributed across the full
path space, but exhibit strong regularities reflected in: (1) the
space of valid activation paths is highly sparse. For example,
in Switch-16, only approximately 2% of all possible activation
paths are observed to be valid. This sparsity arises because
experts are trained to collaborate on specific subtasks [76].
Thus, not every subset of experts can form a valid combina-
tion for processing input tokens. (2) Expert activations are
often correlated. Certain experts are frequently co-activated,
forming stable clusters of similar activation paths that corre-
spond to particular domains or input structures.

Leveraging these insights, we can profile the LLM offline to
identify and cluster commonly occurring activation patterns.

At runtime, instead of predicting precise activation paths,
incoming tokens are classified into these precomputed clus-
ters using lightweight models. This approach substantially
reduces the complexity of runtime scheduling and maintains
high accuracy with minimal overhead, enabling scalable and
efficient inference in MoE-based systems.

Challenge 2: How to handle the expanded expert activation
in prefilling requests that have multiple prompt tokens?
Opportunity 2: Leveraging temporal locality for prompt

chunking (§5.2). An opportunity arises from the observation
that expert activation patterns in MoE models exhibit strong
temporal locality: adjacent tokens in a prompt tend to ac-
tivate the same set of experts during inference [18, 28, 30].
This property enables efficient prompt chunking, wherein
the input prompt of a prefilling request is divided into con-
tiguous token segments that are likely to share similar ac-
tivation paths. By scheduling and processing each chunk
in an input batch, the system can retain activation sparsity
while avoiding the inefficiencies of token-by-token execu-
tion. This approach reduces redundant memory access and
expert loading, thereby improving computation efficiency
without compromising latency.

Challenge 3: How to schedule similarly-activated request
groups while balancing throughput and latency?
Opportunity 3: Utility-based priority scheduling (§5.3).

Given the identified request groups, we can estimate key sta-
tistics for each group, including the number of requests, re-
quired experts, and memory demands (I/O overhead). These
statistics allow us to formulate online scheduling as a multi-
objective optimization problem aiming to maximize through-
put while minimizing latency and avoiding request starva-
tion. Recognizing the dynamic nature of incoming work-
loads, we design a unified utility function that synthesizes
these statistics to guide scheduling decisions efficiently. This
utility-driven mechanism enables adaptive prioritization: it
ensures that smaller, latency-sensitive request groups are
not indefinitely delayed, while still favoring large, compute-
efficient batches when conditions permit. Ultimately, this
provides a scalable solution for maintaining high responsive-
ness within sparsity-aware MoE inference systems.

4 Saber Overview
Figure 7 provides an overview of the Saber framework.
Specifically, Saber operates across three levels: (1) Offline
token-level profiling (§5.1). Saber profiles the activation pat-
terns of the target LLM by performing valid activation path
identification, hierarchical path clustering, and token clas-
sifier training. As a result, the offline stage yields a light-
weight token classifier and a similarity tree, which are subse-
quently used to guide online scheduling. (2) Online request-
level grouping (§5.2). Utilizing the token classifier, Saber’s
scheduler splits input prompts into smaller chunks, and then
organizes both the prefilling chunks and decoding requests
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Figure 7: Overview of the Saber framework.

into groups based on their classified path clusters. Requests
within the same group share similar activation patterns and
are batched together to maintain sparsity and computation
efficiency. (3) Online group-level scheduling (§5.3). In each
iteration, a priority group scheduler selects a group for execu-
tion, aiming to dynamically balance throughput and latency.
Moreover, leveraging the similarity tree that encodes the
cluster similarity structure, Saber supports adaptive group
merging to trade off between batch size and I/O overhead.

We describe the online workflow of Saber as follows.
• Request pre-processing. Before an iteration, Saber splits the
prompts of newly arrived requests into smaller chunks ( 1○),
and then organizes them along with decoding requests into
similarly-activated groups, waiting for scheduling ( 2○- 3○).
• Group-level request scheduling. In each iteration, the group
scheduler selects the group with the highest priority, consid-
ering both throughput and latency, to form an input batch.
This batch is then sent to the inference engine ( 4○- 5○).
• LLM inference. The engine performs inference with the
batched input for one iteration. The generated output tokens
are returned to the request scheduler ( 6○).
• Request post-processing. The scheduler reassigns incom-
plete requests to the grouping component ( 7○), waiting for
scheduling in future iterations, while completed requests are
removed from the batch and returned to edge devices ( 8○).

5 Saber Design
5.1 Token-Level Activation Profiling
Figure 8 illustrates the overall workflow of offline profiling
and the rationale for request grouping. Specifically, we first
identify valid activation paths out of all possible paths to
substantially reduce the path space (§5.1.1). Then, we cluster
the valid paths according to their similarity to form a set of
path clusters under the given memory budget. Each cluster
contains a set of similar activation paths, with their union
still preserving the sparse activation property (§5.1.2). With
these well-defined path clusters, we train a lightweight yet
accurate classifier that maps each token to a path cluster
rather than predicting its exact activation path (§5.1.3).

This design substantially reduces the prediction difficulty.
Direct path prediction is a fine-grained and high-complexity
task that requires reproducing the router’s expert selections
across multiple MoE layers. Instead, by mapping multiple
fine-grained paths to a single cluster label, Saber reduces
the output space and simplifies the decision boundaries, con-
sistent with the complexity reduction established for class-
subset prediction in [71]. This coarse-grained formulation
also ignores minor path differences that have little impact
on scheduling. The resulting surrogate task is both simpler
and better aligned with Saber’s objective of identifying re-
quests likely to share activated experts and be co-scheduled,
enabling accurate prediction with a lightweight classifier.

5.1.1 Valid Activation Path Identification. An activation path
refers to a subset of experts across the MoE layers in an
LLM that are simultaneously activated when processing a
specific input token. Formally, given an LLM with 𝐿 MoE
layers and 𝑁 experts per layer, the activation path (or path
for short) for a token 𝑡 is represented by a binary matrix
𝒑 (𝑡 ) = [𝑝𝑙𝑛] ∈ {0, 1}𝐿×𝑁 , where 𝑝𝑙𝑛 = 1 indicates expert
𝑛 in the 𝑙-th MoE layer is activated, and 0 otherwise. The
complete set of possible activation paths forms a path space
U, which grows exponentially with 𝑂 (𝑁 𝐿).
To constrain this space, we identify a set of valid paths
V ⊂ U for a given LLM. In the offline stage, we leverage
a public corpus containing data from a wide range of tasks
and domains to construct this valid activation path set V .
Specifically, starting from an empty set, we sample sentences
in the corpus to feed into the LLM, and record the activation
paths. The activation path 𝒑 of each token is added to V ,
with its frequency 𝐹𝑟𝑒𝑞(𝒑) being recorded or updated as well.
After the construction ofV , the empirical distribution over
paths is estimated as 𝑃𝑟 (𝒑) = 𝐹𝑟𝑒𝑞(𝒑)/∑𝒑′∈V 𝐹𝑟𝑒𝑞(𝒑′). To
reduce redundancy, the paths with activation probability
below 𝜏 (e.g., 10−4) are discarded, further shrinkingV while
preserving performance-critical paths.
5.1.2 Similarity-Based Path Clustering. Given the set of valid
activation pathsV , we formulate a constrained clustering
problem to group similar paths into a set of clusters:

min
C

𝐿(C) =
|V |∑︁
𝑖=1

min
𝒄∈C

𝑑 (𝒄,𝒑 (𝑖 ) ), (Clustering Loss)

s.t.
𝐿∑︁
𝑙=1

𝑁∑︁
𝑛=1

𝑐𝑙𝑛 ≤ 𝐵,∀𝒄 ∈ C, (Memory Constraint)∑︁
𝒑∈𝒄

𝑃𝑟 (𝒑) ≤ 𝑃,∀𝒄 ∈ C, (Act. Prob. Constraint)

|C| ≤ 𝑁𝑐 . (Cluster Cardinality Constraint)

(1)

The clustering objective minimizes the total distance from
each activation path𝒑 (𝑖 ) to its nearest cluster center 𝒄 among
the set of cluster centers C. The first constraint ensures that
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Figure 8: Workflow of offline activation pattern profil-
ing and online request grouping.

the total number of memory slots1 occupied by any cluster
does not exceed a predefined budget 𝐵, thereby preventing
excessive expert loading during LLM inference. The second
constraint regulates the cumulative activation probability of
paths assigned to a cluster, encouraging a balanced distri-
bution of request traffic during deployment. This balance is
also beneficial for the training of the token classifier (Sec-
tion 5.1.3). Finally, the third constraint limits the total number
of clusters to an upper bound 𝑁𝑐 .
Here, the distance function 𝑑 (𝒑 (𝑖 ) ,𝒑 ( 𝑗 ) ) is defined as:

𝑑 (𝒑 (𝑖 ) ,𝒑 ( 𝑗 ) ) =
∑︁
𝑙,𝑛

max{𝑝 (𝑖 )
𝑙𝑛

, 𝑝
( 𝑗 )
𝑙𝑛
} −max{

∑︁
𝑙,𝑛

𝑝
(𝑖 )
𝑙𝑛

,
∑︁
𝑙,𝑛

𝑝
( 𝑗 )
𝑙𝑛
}, (2)

which quantifies the increased number ofmemory slots when
processing both paths 𝒑 (𝑖 ) , 𝒑 ( 𝑗 ) in a single batch compared
to processing them separately. A cluster center 𝒄 ∈ {0, 1}𝐿×𝑁
is defined as the element-wise logical OR over all paths as-
signed to this cluster2: 𝒄 = ∨𝒑∈𝒄𝒑, representing the union of
experts needed for processing these paths in one batch. This
center can be interpreted as a “wider” activation path, and
Equation 2 applies equally to calculate the distance between
cluster centers and paths: 𝑑 (𝒄,𝒑) and 𝑑 (𝒄 (𝑖 ) , 𝒄 ( 𝑗 ) ).

While solving this constrained integer programming prob-
lem provides high-quality clustering results, it has prohib-
itively high complexity for numerous activation paths in
practice. In addition, online dynamic workloads further re-
quire the awareness of the similarity between the clusters
to enable flexible trade-offs between batch size and memory
cost (we detail this scheduling in Section 5.3).
Constrained agglomerative hierarchical clustering.

To address this, we propose a hierarchical clustering-based
algorithm [16, 41] that constructs path clusters at multiple
granularities while satisfying both memory and probabil-
ity constraints. This algorithm progressively optimizes the
objective function within the feasible region by iteratively se-
lecting and merging the most similar clusters—those yielding

1A memory slot refers to the memory space occupied by an expert.
2For notation simplicity, we write 𝒑 ∈ 𝒄 to indicate that path 𝒑 is as-
signed to the cluster whose center is 𝒄 ; formally, this implies that 𝒄 =

argmin𝒄′∈C 𝑑 (𝒄 ′, 𝒑 ) .

Algorithm 1: Constrained AHC for path clustering
Input: Activation path setV , cost coefficient 𝛼
Output: Cluster set C∗, cluster similarity tree T
/* 1. Initialize the cluster set and the cost matrix. */

1 Initialize C ← V , T ← ∅, and 𝑴 ∈ R | C |× | C | ,
where𝑚𝑖 𝑗 = 𝑑 (𝒄 (𝑖 ) , 𝒄 ( 𝑗 ) ) + 𝛼 (𝑃𝑟 (𝒄 (𝑖 ) ) + 𝑃𝑟 (𝒄 ( 𝑗 ) ));

2 𝑠𝑎𝑣𝑒_𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠_𝑓 𝑙𝑎𝑔 = 𝑇𝑟𝑢𝑒 ;
3 while |C| > 1 do

/* 2. Select the lowest-cost cluster pair whose merger
satisfies the constraints in Eq. (1). */

4 (𝑖, 𝑗) ← argmin𝑖, 𝑗 𝑴𝑖 𝑗 s.t. MergeFeasible(𝒄 (𝑖 ) , 𝒄 ( 𝑗 ) );
5 if (𝑖, 𝑗) is 𝑁𝑜𝑛𝑒 then
6 if 𝑠𝑎𝑣𝑒_𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠_𝑓 𝑙𝑎𝑔 ==𝑇𝑟𝑢𝑒 then
7 C∗ ← C; // Save target clusters
8 𝑠𝑎𝑣𝑒_𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠_𝑓 𝑙𝑎𝑔← 𝐹𝑎𝑙𝑠𝑒 ;
9 else // Continue and record similarity structure
10 (𝑖, 𝑗) ← argmin𝑖, 𝑗 𝑴𝑖 𝑗 ;
11 T ← T ∪ (𝒄 (𝑖 ) , 𝒄 ( 𝑗 ) ,Merge(𝒄 (𝑖 ) , 𝒄 ( 𝑗 ) ));

/* 3. Merge the selected pair of clusters. */

12 𝒄new ← Merge(𝒄 (𝑖 ) , 𝒄 ( 𝑗 ) );
/* 4. Update the clusters and the cost matrix. */

13 Update cluster set: C ← C \ {𝒄 (𝑖 ) , 𝒄 ( 𝑗 ) } ∪ {𝒄new};
14 Update cost matrix 𝑴 ;
15 return C∗, T

the minimal increase in clustering loss, thus promoting high
intra-cluster similarity throughout the clustering process.
As detailed in Algorithm 1, this algorithm begins by ini-

tializing each path as a cluster and constructing a cost matrix
that quantifies the merging cost for each pair of clusters
(Line 1). To steer the clustering toward low loss and balanced
activation probabilities, we apply a penalty term in the cost
definition of𝑚𝑖 𝑗 , where the first term captures the similarity
between clusters, and the penalty term discourages merging
already large clusters, weighted by a coefficient 𝛼 to control
its impact. At each iteration, the algorithm selects the cluster
pair with the lowest merging cost that satisfies the memory
and probability constraints (Line 4), merges them into a new
cluster (Line 12), and updates the cluster set and cost matrix
accordingly (Lines 13-14). This merging process continues
until no further feasible merges can be found, at which point
the resulting cluster set C∗ is recorded (Lines 5-7). Impor-
tantly, the algorithm does not terminate after identifying C∗.
Instead, it continues merging remaining clusters, regardless
of constraints, to construct a similarity tree T (Lines 9-11),
which is later used for inter-group scheduling detailed in
Section 5.3.

5.1.3 Lightweight Token Classifier Training. Next, we train
a token classifier that maps tokens to the clusters in C∗.
This classifier should be both lightweight for efficient online
execution and accurate to avoid unexpected data transfer
during online inference.
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Figure 9: Illustration of the similarity-based scheduling
tree and bottom-up request collection.

To achieve this goal, we employ a lightweight DNN with a
partial attention mechanism. The model first applies a stan-
dard attention layer to extract the contextual information of
a sequence, followed by a two-layer MLP to classify input
tokens into specific groups. We observe that the primary
inference overhead in this classifier is the attention layer,
whose computational cost grows quadratically with the se-
quence length. Prior studies have revealed that a small subset
of tokens typically encodes the critical context information
of a sequence [17, 33, 62], indicating an opportunity to sim-
plify attention calculation. In particular, a token primarily
attends to nearby tokens and several initial tokens (i.e., atten-
tion sink [63]). Leveraging this property, we employ a sink
and window attention mechanism that only selects 𝑛𝑠 tokens
out of the total 𝑛 tokens in the sequence, containing 𝑛𝑖 sink
tokens and 𝑛𝑟 most recent tokens, as the attention input. Our
experiments confirm that this method preserves contextual
information for accurate token classification while reducing
computation overhead.
To train this classifier, we construct a synthetic dataset

based on a public corpus containing various tasks and do-
mains. Each data sample is a pair of (𝑓 𝑒𝑎𝑡𝑢𝑟𝑒, 𝑙𝑎𝑏𝑒𝑙), where
the feature consists of a target token and (𝑛𝑠 − 1) contextual
tokens extracted from the original sequence following the
sink and window attention mechanism. The label is the cor-
responding cluster index assigned to the activation path of
the target token. For sequences whose lengths are smaller
than 𝑛𝑠 , we pad them to have a consistent input shape. For a
given LLM, this process only needs to be performed once.

5.2 Request-Level Grouping
In the online stage, Saber organizes requests into groups to
facilitate subsequent scheduling. Since the token classifier
operates at the token level, while each request consists of
multiple tokens, we next address the request grouping strat-
egy. For decoding requests, which input only one token per
iteration, grouping is straightforward: each request is classi-
fied based on its next input token using the token classifier.
For prefilling requests, which involve multiple input tokens,
we adopt an adaptive prompt splitting strategy.

Adaptive prompt splitting. The key to prompt split-
ting is identifying the optimal division points. The guiding
principle is that tokens within a chunk should have simi-
lar activation paths, thereby maintaining activation sparsity

when processed together. Conversely, tokens with divergent
activation paths should be split into distinct chunks. Fortu-
nately, the path clusters derived in the offline stage effectively
capture these similarities, naturally grouping tokens with
similar activation paths, therebymaking themwell-suited for
guiding prompt splitting. Specifically, when a new request
arrives, Saber assigns a group ID to each token using the
token classifier. The prompt is then split sequentially into
smaller chunks based on these group IDs, with each chunk
routed to the corresponding group for scheduling.

As a result, both prefilling chunks and decoding requests
are organized into groups with similar activation patterns.
As shown in Figure 8, each group is associated with metadata
containing essential information such as the number of re-
quests, the required experts, and the maximum waiting time.
This metadata informs the scheduler’s algorithmic decisions.

Hybrid batching strategy. Requests within each group
are scheduled collectively. We adopt a hybrid batching strat-
egy as in [9, 26], which enables the joint execution of pre-
filling and decoding requests within a single batch. During
hybrid batch execution, non-batchable operations [9, 70]
(e.g., attention operations), are executed separately for pre-
filling and decoding requests, while token-level operations
are executed in parallel to maximize computation efficiency.
Notably, a prefilling chunk can only be scheduled once all its
preceding chunks have completed inference, ensuring that a
token can attend to its prior context. Additionally, smaller
chunks could be combined with adjacent chunks from other
groups to form larger chunks when memory constraints
permit, thereby enhancing efficiency (Section 5.3).

5.3 Group-Level Priority Scheduling
With the request groups, we now determine an appropriate
group to schedule in each iteration. To maximize system
throughput while preventing request starvation, Saber em-
ploys a priority scheduling algorithm that integrates through-
put, latency, and memory into a unified utility function to
determine the priorities of the candidate groups.
Priority definition. As throughput primarily depends

on batch sizes, we define the throughput utility of group
𝑮𝑖 as the number of tokens that can be processed in par-
allel per memory slot:𝑈𝑡𝑖𝑙𝑡𝑝 (𝑮𝑖 ) = |𝑮𝑖 |/𝑀𝑒𝑚(𝒄 (𝑖 ) ), where
𝒄 (𝑖 ) is the path cluster center associated with group 𝑮𝑖 , and
𝑀𝑒𝑚(𝒄 (𝑖 ) ) = ∑

𝑙,𝑛 𝑐𝑙𝑛 . Selecting the group with the largest
𝑈𝑡𝑖𝑙𝑡𝑝 prioritizes throughput3, maximizing GPU utilization
under the memory budget. To prevent high tail latency due
to starvation, we further enhance this utility with a latency
expansion factor. This results in the overall utility function:

𝑈𝑡𝑖𝑙 (𝑮𝑖 ) =
|𝑮𝑖 |

𝑀𝑒𝑚(𝒄 (𝑖 ) )
×
( 𝑡𝑚𝑎𝑥

𝑇

) I(𝑇 ≤𝑡𝑚𝑎𝑥 )×𝜆, (3)

3This can be applied to “back-of-house” tasks (e.g., benchmarking) which
focus on inference throughput but are less sensitive to latency [11, 50].
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where𝑇 is a predefined latency threshold, 𝑡𝑚𝑎𝑥 represents the
current maximum latency of requests in group 𝑮𝑖 , and I(𝑥)
is an indicator function that outputs 1 if 𝑥 is true, and 0 oth-
erwise. Requests that have waited longer than 𝑇 , potentially
resulting in high latency, will have their utility expanded by
a factor controlled by 𝜆, whereas the utilities of non-delayed
requests remain unaffected, as they do not exceed the accept-
able latency threshold.

Adaptive inter-group scheduling. During deployment,
we observed that while group-level scheduling effectively
preserves activation sparsity, this single group scheduling
fails to consistently yield the optimal computation efficiency
under varying request traffic patterns. For example, under
low system load, each group may receive only a few re-
quests, resulting in underfilled batches and reduced through-
put. In such cases, executing several small, sparsely activated
batches across multiple iterations can be less efficient than
merging them into a single larger batch within one iteration
despite a slight increase in I/O overhead. This highlights the
need for an adaptive inter-group scheduling mechanism that
dynamically balances batch size and I/O overhead.

To address this, we leverage the similarity-based scheduling
tree T constructed in Algorithm 1, and employ a bottom-up
request collection strategy. As illustrated in Figure 9, this sim-
ilarity tree captures the hierarchical similarity structure of
path clusters. Leaf nodes correspond to the path clusters
C∗, while non-leaf nodes represent progressively merged
groups with increasing memory cost and size. Each node is
annotated with metadata, including its utility and associated
memory cost. To avoid overestimatingmemory requirements
under low system load, we calibrate the memory cost of a
node 𝑵 𝑖 as 𝑀𝑒𝑚′ (𝑵 𝑖 ) = min{𝑀𝑒𝑚(𝒑) × |𝑵 𝑖 |, 𝑀𝑒𝑚(𝒄 (𝑖 ) )},
where 𝒄 (𝑖 ) is the cluster center of node 𝑵 𝑖 , and 𝒑 represents
the activation path of an individual token. This hierarchy
provides multi-granularity groups, offering flexible sched-
uling options. Specifically, during online scheduling, Saber
performs a bottom-up traversal of this tree to collect requests
across groups. This process continues until the memory cost
of the current node exceeds a predefined maximum budget.
For example, in Figure 9, given a memory budget of 8 slots,
Saber selects node N5 rather than node G4 to improve com-
putation efficiency. Once a suitable node is identified, Saber
batches its requests to form the next input batch.

6 Implementation
We have implemented Saber on top of PyTorch [2] and the
HuggingFace transformers library [60] with support for the
sparsity-aware request batching scheduler. The LLM imple-
mentation and pretrained weights are obtained from Hug-
gingFace models [1]. For experimental environments, we use
a Linux server equipped with a 10-core 2.4 GHz Intel Xeon
Silver 4210R CPU, and an NVIDIA RTX 3090 GPU as the
edge computing server for LLM serving.

Table 1: The configuration of LLMs in the experiments.

MoE-based LLMs Parameters #L Experts/Layer

Total Active Total Active

Switch-16/32/64 [21] 0.5/1.0/1.9B 0.16B 6 16/32/64 1
LLaMA-MoE [56] 6.7B 3.0B 32 16 2
Qwen1.5-MoE [57] 14.3B 2.7B 24 60 4

Pipeline scheduling. Saber utilizes a preload-compute
pipeline to overlap inference computation and expert weights
loading, effectively hiding communication time during com-
putation. Specifically, Saber’s scheduler operates on the CPU.
When a request group is scheduled, a preloading thread
loads the necessary experts into GPU memory according to
the group metadata, while simultaneously sending the in-
put batch to the GPU for inference computation. For expert
cache eviction, we employ a least-recently-used (LRU) policy,
which retains frequently used experts in memory, thereby
reducing loading overhead.
KV cache management. By default, Saber stores KV

cache in GPU memory, with the option to offload it to CPU
memory under stringent memory constraints. This is based
on the observation that KV cache rarely becomes a bottleneck
in edge scenarios, as edge applications typically involve short
input sequences (e.g., compact data formats) to ensure low-
latency responses. Moreover, domain-specific edge LLMs
are often fine-tuned on refined contexts to accelerate infer-
ence. In cases where long sequences introduce substantial KV
cache, widely adopted sparse attention mechanisms [36, 63]
can be deployed to reduce cache size. Saber can also be in-
tegrated with advanced KV cache management techniques
such as PagedAttention [35] for enhanced efficiency.

7 Evaluation
7.1 Experimental Setup
Datasets and workloads. We evaluate representative edge
LLM tasks, includingMT-Bench (multi-turn conversation) [72],
Alpaca (instruction following) [55], XSUM (text summariza-
tion) [42], and GLUE [58] (language understanding, such as
SST-2 andMNLI).We consider twoworkload settings: (1) Syn-
thetic workload: Following [70], we synthesize a request trace
frommultiple edge devices. Request arrivals follow a Poisson
process, where 𝑝𝜆 controls the average arrival rate. (2) Real
trace-driven workload: we use the Azure Trace [10, 45], a real-
world LLM inference trace, and implement edge clients that
send requests with inter-arrival intervals modeled from this
trace. Request prompts are sampled from the above datasets.
See Appendix B for more details on trace construction.
MoE-based LLMs.We evaluate three MoE-based LLMs

with different model sizes and configurations: Switch Trans-
formers [21], LLaMA-MoE [56], and Qwen1.5-MoE [57], with
their hyperparameters detailed in Table 1. Consistent with
most modern LLMs, LLaMA-MoE and Qwen1.5-MoE adopt
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Figure 10: Average execution time for a batch of requests using different scheduling and expert loading strategies.
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normalized by the number of generated tokens.
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a decoder-only architecture, while we fine-tune and utilize
only the decoder of the original encoder-decoder Switch
Transformers for consistency. We denote Switch-𝑛 as the
Switch Transformer with 𝑛 experts per MoE layer.
Baselines.We compare Saber with the request schedul-

ing strategies used in two representative LLM serving sys-
tems. (1) Orca [70] employs prefill-prioritizing scheduling
with iteration-level first-come-first-served (FCFS). It eagerly
inserts prefilling requests into ongoing batches, while ensur-
ing earlier requests execute no fewer iterations than later
ones. (2) Sarathi [9] also adopts FCFS, but splits prompts into
smaller chunks processed across multiple iterations, and sup-
ports hybrid batching of prefilling and decoding requests. For
inference engine, we employ two strategies using a vanilla in-
ference backend based onHuggingFace: (1) Load On-Demand,
which loads experts into GPU memory when needed, and
(2) Preload, which predicts and preloads experts required for
the next MoE layer while the current layer executes.

Furthermore, to evaluate Saber with advanced inference
systems, we integrate it withMoE-specialized backends based
onMoE-Infinity [68], which provides optimized expert caching
and prefetching pipelines. We then compare the end-to-end

serving performance of Saber against two representative
systems: MoE-Infinity and EdgeMoE [69].

Metrics. We evaluate serving performance from both ex-
ecution efficiency and real-time serving perspectives. For
execution efficiency, we report: (1) throughput, measured as
completed requests per second (𝑟𝑝𝑠), (2) latency, defined as
the time elapsed between a request’s arrival and completion,
and (3) batch execution time, reported to assess the efficiency
of inference execution. For real-time serving performance,
we report: (1) serving capacity, defined as the maximum re-
quest rate that a system can sustain while satisfying the
specified latency SLOs; (2) TTFT (time to first token), mea-
sured as the time from request arrival to the generation of the
first token; and (3) TPOT (time per output token), the latency
between consecutive output tokens during decoding.
Configurations. For the vanilla HF-based inference en-

gine, the maximum cached expert ratio is set to 20% for
Switch-32, and 50% for both LLaMA-MoE and Qwen1.5-MoE.
During serving, the maximum 𝑏𝑠 is set to 32 for Switch-32,
and 16 for LLaMA-MoE and Qwen1.5-MoE. For experiments
with advanced inference engines, we only specify a maxi-
mum memory budget for each model, while runtime batch
sizes are dynamically determined based on the available
memory and system load. In the priority scheduling, the
threshold is set to 𝑇 = 2𝑠 , with an expansion factor 𝜆 = 1.5.

7.2 Overall Performance Evaluation
We first evaluate the system using the synthetic workload
and the vanilla HF-based inference backend to isolate the
impact of scheduling strategies without backend-specific
optimizations. Figures 10 and 11 report the average batch
execution time and throughput-latency performance.

Batch execution time. Saber substantially reduces batch
execution time across different batch sizes. First, under Load



Sparsity-Aware Scheduling for Efficient MoE-Based LLM Serving on Edge Servers MobiCom ’26, October 26–30, 2026, Austin, TX, USA

P90 TTFT≤ 10s
P90 TPOT≤ 1s

0

1

M
ax

 C
ap

ac
ity

 (r
ps

)

1.66x

0.4 0.8 1.2
System Load (rps)

0

5

P5
0 

TT
FT

 (s
)

XX

0.4 0.8 1.2
System Load (rps)

0.0

0.5

P5
0 

TP
O

T 
(s

)

P90 TTFT≤ 10s
P90 TPOT≤ 1s

0.0

0.5

1.0

M
ax

 C
ap

ac
ity

 (r
ps

)

1.50x

0.3 0.5 0.7
System Load (rps)

0

5

P5
0 

TT
FT

 (s
)

XX

0.3 0.5 0.7
System Load (rps)

0.0

0.5

1.0

P5
0 

TP
O

T 
(s

)

(a) SLO-constrained serving performance of LLaMA-MoE

(b) SLO-constrained serving performance of QWen1.5-MoE

EdgeMoE MoE-Infinity Saber No-Offloading

Figure 13: SLO-oriented serving performance compar-
ison with advanced MoE inference backends. The “x”
denotes overloaded cases where the offered request
rate exceeds the system’s sustainable serving capacity,
leading to unbounded latency growth.

On-Demand, Saber achieves up to 2.84× and 2.20× reduc-
tions in batch time compared with Orca and Sarathi, respec-
tively. The improvement stems from activating fewer experts
per batch, which significantly reduces expert-loading over-
head. For instance, in Qwen1.5-MoE with 𝑏𝑠 = 16, Saber re-
duces this overhead by 50.4% and 47.3% compared with Orca
and Sarathi. Second, with reduced I/O overhead, Saber also
benefits more from expert preloading. Under Preload, Saber
achieves up to 3.80× and 3.31× reductions in batch time
compared with Orca and Sarathi. For the baseline schedulers,
expert preloading yields an average batch time reduction of
21.1% for Orca and 19.5% for Sarathi, but the benefit dimin-
ishes at larger batch sizes due to sparsity vanishing, where
more activated experts reduce the potential of preloading.
For example, Orca’s speedup drops from 31.7% at 𝑏𝑠 = 1 to
12.0% at 𝑏𝑠 = 32. In contrast, Saber reduces I/O overhead,
and enables greater overlap between expert loading and com-
putation, achieving a 33.2% reduction even at 𝑏𝑠 = 32.

Throughput and latency. Benefiting from reduced batch
execution time, Saber achieves significantly higher serving
throughput and lower latency compared to the baselines.
Under the same latency constraints, Saber sustains up to
3.27×, 1.98×, and 1.66× higher load than Orca for Switch-32,
LLaMA-MoE, and Qwen1.5-MoE, respectively, and 2.86×,
2.15×, and 1.78× higher load than Sarathi. Nevertheless,
when the request arrival rate is low, Saber performs simi-
larly to the baselines, because all systems operate with small
batch sizes and are less affected by sparsity vanishing. Fur-
thermore, we analyze latency distributions and present the
results in Figure 12. At the same throughput levels, Saber
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Figure 15: Impact of the value of 𝜆 on tail latency.

achieves lower or comparable average and tail latencies com-
pared with the baselines. This behavior is largely attributed
to the priority scheduling strategy, which prevents request
starvation, and helps maintain acceptable tail latency.
Performance with modern MoE inference systems.

To evaluate Saber in realistic real-time serving scenarios, we
further conduct trace-driven experiments using Azure Trace,
and compare Saber with state-of-the-art MoE inference sys-
tems. We report three key SLO-oriented metrics including
serving capacity, TTFT, and TPOT. This set of experiments is
conducted on LLaMA-MoE and Qwen1.5-MoE, with memory
budgets of 12 GB and 24 GB, respectively. We set the latency
SLOs as P90 TTFT ≤ 10s and P90 TPOT ≤ 1s. The results4
are shown in Figure 13.

Saber consistently achieves higher serving capacity than
existing MoE inference systems. Specifically, Saber supports
1.66×, 1.50× higher maximum serving rates than EdgeMoE
for LLaMA and Qwen, respectively, and 1.42×, 1.31× higher
rates than MoE-Infinity. This improvement mainly comes
from the reduced expert I/O overhead enabled by sparsity-
aware scheduling. Although MoE-specialized inference en-
gines optimize expert caching and prefetching, they still
suffer from excessive expert transfers caused by sparsity
vanishing when serving concurrent requests. In contrast,
Saber preserves activation sparsity during batching, reduc-
ing unnecessary expert loading, and thus allows the system
to sustain higher request rates under the same latency SLOs.

4We also report the “No-Offloading” performance as an ideal upper bound for
comparison. Due to GPU memory limitations, this upper bound is estimated
by using only cached experts to eliminate expert loading overhead.
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Table 2: Overhead analysis for Saber’s components.

Model Offline Profiling (𝑚𝑖𝑛) Online Scheduling (𝑚𝑠)
Ident. Clust. Train Clf. Cls. (bs=1) Cls. (bs=16)

Switch-32 2.8 2.1 15.5 0.64 0.70
Qwen1.5-MoE 36.6 5.4 29.0 0.61 0.85

Table 3: Classifier’s accuracy (CLS Acc) and expert acti-
vation ratio (AR, 𝑏𝑠 = 16) under distribution shifts.

Model Method XSUM Alpaca MT-Bench MNLI SST2

Switch-
32

CLS Acc (%) 91.53 88.41 87.17 87.20 90.38
AR-Saber (%) 20.74 19.13 20.87 20.99 18.43
AR-Oracle (%) 20.59 17.80 19.69 20.00 17.74

Qwen1.5-
MoE

CLS Acc (%) 87.96 92.77 83.23 84.18 85.85
AR-Saber (%) 37.27 34.28 36.12 37.60 35.83
AR-Oracle (%) 36.99 32.88 32.81 34.64 29.23

We further report TTFT and TPOT under representative
request rates covering low, medium, and high load regimes.
Overall, Saber achieves comparable TTFT and TPOT within
the stable serving region, as it primarily improves serving
capacity rather than reducing per-request latency in this
region. For TTFT, which includes both prefill execution and
queuing delay, existing systems experience rapidly increas-
ing latency once exceeding their sustainable serving regions.
Such overloaded cases are marked as “x” in Figure 13 due to
continuously accumulating queues and unbounded latency
growth. In contrast, Saber maintains stable TTFT at higher
request rates by reducing expert I/O overhead and sustaining
higher serving capacity. For TPOT, which reflects decoding
efficiency, Saber does not necessarily provide direct latency
reduction, as a request may not be scheduled in consecutive
batches, partially offsetting the batch-level efficiency bene-
fits. Nevertheless, Saber preserves comparable TPOT while
substantially expanding serving capacity, demonstrating its
effectiveness for real-time MoE serving.

7.3 Performance Breakdown Analysis
In this subsection, we dive into the performance of Saber’s
key components on two representative LLMs, Switch-32
(smaller, with a moderate number of experts) and Qwen1.5-
MoE (larger, with a greater number of experts), to provide
deeper insights into the performance improvements.

Sparsity-aware batching. To evaluate the effectiveness
of Saber’s offline profiling and online batching strategies,
we vary the batch size (measured by the number of tokens)
and report the average expert activation ratio during infer-
ence. As shown in Figure 14, with sequential batching, the
number of activated experts increases rapidly with batch
size. For example, in Qwen1.5-MoE, a batch with 𝑏𝑠 = 8
activates 41.6% of the experts on average, while this number
increases to 97.7% for 𝑏𝑠 = 64. In contrast, Saber’s sparsity-
aware batching activates only 23.8% and 54.8% of experts for
𝑏𝑠 = 8 and 64, respectively, yielding up to 1.95× reduction,
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Figure 16: Impact of memory budget on throughput.

and effectively mitigating the sparsity-vanishing problem.
Moreover, we observe that the performance of “Saber (Clas-
sifier)” closely matches that of “Saber (Oracle)”, with less
than 2% error, demonstrating the effectiveness of the light-
weight token classifier in accurately grouping requests.

Priority scheduling. To assess the effectiveness of prior-
ity scheduling, we vary the parameter 𝜆 and report latency
statistics in Figure 15. When 𝜆 = 0, indicating that latency is
not considered and scheduling is throughput-oriented, tail
latency becomes high (e.g., 0.54𝑠/𝑡𝑜𝑘𝑒𝑛 for Switch-32 and
3.78𝑠/𝑡𝑜𝑘𝑒𝑛 for Qwen1.5-MoE) due to request starvation.
This issue worsens with higher request arrival rates. For
instance, Switch-32’s tail latency increases to 1.24𝑠/𝑡𝑜𝑘𝑒𝑛
when 𝑟𝑝𝑠 = 3.0. Fortunately, by increasing 𝜆 to 1.5, Saber’s
priority scheduling increases the priority scores for long-
waiting groups, effectively reducing tail latency by 2.08× for
Switch-32 and 1.47× for Qwen1.5-MoE. However, further
increasing 𝜆 does not consistently improve performance, as
excessive prioritization of long-waiting groups can lead to
smaller batch sizes and reduced inference efficiency.
Overhead analysis. Table 2 breaks down the overhead

of Saber’s components. Offline profiling typically completes
within tens of minutes. The main cost arises from Path Iden-
tification (Ident.) and Classifier Training (Train Clf.), which
together account for approximately 90% of the total latency.
In contrast, Path Clustering (Clust.) incurs much lower over-
head, benefiting from the compressed path space and the
efficient clustering algorithm. For online scheduling, we re-
port the primary cost, i.e., Token Classification (Cls.) using
the trained classifier. Owing to its lightweight design, this
latency is less than 1𝑚𝑠 . Other scheduling operations, such
as updating utility scores and selecting high-priority groups,
have𝑂 (𝑛) complexity with respect to the number of concur-
rent requests (up to hundreds), and thus can be efficiently
executed with marginal overhead. Since an LLM inference
iteration typically takes tens of milliseconds, the scheduling
can run in parallel without affecting critical-path latency.

7.4 Robustness Analysis
Robustness to data distribution shifts. Since the perfor-
mance of the offline-trained classifier is critical to Saber’s
scheduling decisions, we evaluate its robustness under dis-
tribution shifts. Specifically, we train the classifier on XSUM
and test it on a diverse set of tasks listed in Table 3. Our
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results show that: (1) Despite substantial variation in task
types, the classification accuracy degrades only marginally
under distribution shifts (within 5% in most cases). We at-
tribute this robustness to the sink and window attention
mechanism, which captures transferable linguistic patterns
shared across tasks and domains. (2) The expert activation
ratio (AR) remains stable even when classification accuracy
slightly decreases. For example, for Qwen1.5-MoE on MT-
Bench, Saber with 83.23% classification accuracy activates
only 3.31% more experts on average compared to the Ora-
cle case (100% accuracy). These results indicate that Saber
can effectively operate in dynamic environments with shift-
ing workloads. Moreover, a lightweight online fine-tuning
mechanism that leverages a small buffer of recently served
requests can be incorporated to further adapt the classifier
to gradual distribution changes.

Varying memory budgets.Memory budget determines
the number of experts that can be cached, directly impacting
expert loading overhead and inference efficiency. To evaluate
this impact, we vary the cached expert ratio and measure
the resulting maximum system throughput. As shown in
Figure 16, Saber consistently outperforms baselines across
different memory budgets, especially when memory budget
is stringent. These improvements stem from both a reduced
number of activated experts and a lower cache-miss rate. For
instance, in Switch-32 with 40% cached ratio and 𝑏𝑠 = 32,
the average number of activated experts per MoE layer is
12.8 for Orca, 11.3 for Sarathi, and only 6.8 for Saber. Cor-
respondingly, the number of cache-missed experts, which
incurs non-overlapping I/O latency, is 6.5 for Orca, 4.8 for
Sarathi, and merely 0.24 for Saber. This substantial reduc-
tion in cache-missed experts accounts for the superior per-
formance of Saber, which achieves 3.99× and 3.37× higher
throughput compared to Orca and Sarathi, respectively.
Furthermore, Saber scales well to models with larger ex-

pert counts, and transfers effectively across different hard-
ware platforms, with detailed evaluations and discussions
provided in Appendices C and D, respectively.

8 Related Work
Resource-efficient MoE-based LLMs. MoE architectures
leverage sparse activation to scale LLMs without a propor-
tional increase in computational overhead. Despite their
strong performance, MoE-based LLMs remain challenging to
deploy on resource-constrained edge platforms due to their
substantial model sizes. To address this, existing works have
focused on optimization techniques such as expert compres-
sion [12, 23, 75], quantization [22, 69], and sparse-to-dense
knowledge distillation [21, 47, 67] to reduce model sizes and
memory demands of MoE-based LLMs. Different from these
model compression optimizations, Saber is based on expert
offloading to address resource limitations without the need
to modify the architecture or compress the target LLM.

Serving MoE models on resource-limited platforms.
Expert offloading extends traditional parameter offloading
by accounting for sparse activation patterns, allowing LLMs
to operate even when their memory requirements exceed
available hardware capacity. To enhance inference efficiency,
prior works have proposed various techniques to mitigate
the latency introduced by loading expert weights. These in-
clude reducing load sizes through expert quantization and
adaptive gating [34, 54, 69, 73], overlapping loading and com-
putation via expert preloading [17, 20, 24, 29, 51, 68, 69], and
improving the cache hit rate through advanced caching and
eviction strategies [18, 28, 34, 54, 68]. Additionally, lever-
aging CPU to assist computation not only reduces loading
overhead, but also exploits available processing power to ac-
celerate inference [11, 31, 52, 54, 66]. As Saber only modifies
the input batch and optimizes scheduling without altering
LLM architectures, it is compatible with existing methods
and can be integrated to further improve inference speed.
Modern LLM serving systems. As the popularity of

LLMs grows alongside increasing inference workload, var-
ious LLM serving systems have been developed to deliver
high-throughput and low-latency inference. These systems
are particularly optimized for autoregressive Transformer-
based LLMs, employing optimizations including request sched-
uling [9, 53, 61, 70], memory optimization [15, 19, 35, 36, 40],
and prefilling and decoding disaggregation [27, 45, 74]. Nev-
ertheless, they are mainly designed for cloud environments
with abundant resources, making them not readily deploy-
able on resource-limited edge platforms. In contrast, Saber
is specifically tailored to support efficient MoE-based LLM
serving on edge platforms.

9 Conclusion
In this work, we present Saber, an efficient MoE-based LLM
serving framework tailored for resource-limited edge servers.
Leveraging our sparsity-aware scheduling, Saber effectively
preserves activation sparsity during batched inference, thereby
reducing expert loading overhead and enhancing inference
efficiency. Extensive experiments show that Saber achieves
a superior throughput-latency trade-off, delivering up to
3.8× batch execution time reduction and 3.27× throughput
improvement compared with sparsity-agnostic schedulers.
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A Path Similarity and Grouping
Opportunity

Figure 6 has demonstrated the cross-request path similarity
and the potential for request grouping using the hybrid work-
load, which is constructed using the datasets described in
Section 7.1. In this section, we further analyze these proper-
ties on individual datasets spanning diverse domains, includ-
ing conversational, instruction-following, summarization,
and natural language understanding tasks.
As illustrated in Figure 17, we consistently observe non-

trivial cross-request path similarity across all five individual
datasets. Under traditional batching, the average in-batch
similarity remains low (reflecting sparsity vanishing due to
sequential or random batching), yet a significant fraction of
request pairs exhibit moderate-to-high similarity. In contrast,
sparsity-aware batching substantially increases the average
similarity across all workloads. For instance, for the prefill-
dominant task MNLI, the average path similarity increases
from 0.076 to 0.256, while for the decode-dominant task MT-
Bench, it rises from 0.087 to 0.413.

More importantly, the relationship between path similar-
ity and system efficiency remains monotonic and consistent
across workloads. In all evaluated datasets, increasing intra-
batch path similarity through sparsity-aware batching leads
to a near-proportional reduction in the fraction of activated
experts, which in turn reduces expert swapping and I/O
overhead. For example, on MT-Bench, an increase of 0.326
in average path similarity corresponds to a 55.2% reduction
in the expert activation ratio. This observation holds across
heterogeneous workloads and across different MoE architec-
tures, demonstrating that the performance gain mechanism
is workload-agnostic rather than benchmark-specific. There-
fore, this property exposes a non-trivial optimization space
for Saber’s scheduling strategy.

Mechanism Analysis. The root cause of this generaliza-
tion lies in the expert specialization of MoE routing. Within
MoE layers, routers tend to map tokens with similar semantic
or syntactic roles (e.g., instruction prefixes, conversational
structures, or sentiment-bearing expressions) to overlapping
expert subsets. Meanwhile, although real-world edge work-
loads span diverse applications, they often exhibit recurring
task semantics, instruction formats, and linguistic structures,
creating local clusters of requests with similar activation
paths. The source of such similarity may vary across tasks,
but the resulting path-clustering phenomenon is consistently
observed across workloads. Notably, Saber does not assume
globally high similarity across all requests. It only exploits
sufficiently large local clusters when available, and uses them
to construct sparsity-preserving batches. This reduces the
number of experts that must be loaded and the associated I/O
overhead, enabling Saber to improve inference efficiency
across diverse workloads and MoE-based LLMs.

B Analysis of Trace-Driven Workload
The public Azure Trace contains representative production
invocation logs collected during Azure LLM inference ser-
vices, including request timestamps and input/output token
counts, while omitting prompt contents for privacy reasons.
We use its timestamps to construct the arrival process, and
independently sample prompts from the hybrid edge work-
load described in Section 7.1. Therefore, the trace determines
request timing, while the datasets determine task semantics
and expert activation patterns.
Because the original request rate exceeds the capacity

of our edge platform, we uniformly stretch the trace time-
line to obtain the target average request arrival rate. This
preserves the request order and relative variations among
inter-arrival intervals, and thus retains temporally varying
arrival characteristics such as short-term burstiness and vari-
ations in instantaneous request intensity. In particular, dense
arrival periods increase concurrency and batching pressure.
Sparsity-agnostic schedulers may combine requests with di-
verse activation paths, whereas Saber can exploit the larger
candidate pool to construct sparsity-preserving batches with
greater activation path overlap.
It is worth noting that the performance differences ob-

served between the synthetic and trace-driven experiments
arise from multiple factors beyond the request arrival pro-
cess itself. In particular, the two settings are executed on dif-
ferent inference backends and runtime configurations. The
synthetic workload uses a commonHuggingFace-based back-
end to isolate scheduling effects under controlled Poisson ar-
rivals, whereas the trace-driven workload uses an optimized
MoE backend to evaluate Saber under production-derived
arrivals. The latter therefore provides complementary evi-
dence under realistic workload dynamics, rather than a direct
performance comparison with the synthetic setting.

C Scalability with Increasing Expert Counts
As the number of experts per layer increases, the activation
path space expands substantially, potentially exacerbating
computational overhead. We evaluate Saber on Switch-64
and Switch-128 to assess the scalability of its path compres-
sion and clustering design (Figure 18). To control the en-
larged path space, Saber adopts a two-stage compression
strategy. First, it extracts valid activation paths, whose pro-
portion becomes increasingly sparse as expert counts grow
(left). Second, it profiles only high-probability paths based
on the long-tailed distribution of path activations (middle).
For example, in Switch-128, only 1163 paths with probabil-
ity greater than 5 × 10−5 are retained for clustering. This
compression ensures that the effective path space remains
tractable under the 𝑂 (𝑛2) clustering complexity. Despite ag-
gressive pruning, representational coverage remains robust:
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Figure 17: Illustration of the path similarity and grouping opportunity using Qwen1.5-MoE across 5 benchmark
datasets. The shaded regions indicate the optimization space targeted by Saber. “SA” denotes sparsity-aware
batching, whereas “Seq.” denotes traditional sequential batching.
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Figure 18: Scalability analysis in terms of expert counts.

clustering the top-1k paths captures 89.3% of the remain-
ing paths with similarity > 0.8. Consequently, using these
clusters, Saber consistently outperforms sequential batching
under larger expert configurations (right).

D Hardware Transferability Discussion
In this section, we discuss Saber’s transferability to different
hardware platforms and configurations beyond those eval-
uated in this work. Overall, Saber can be deployed across
different hardware platforms because its core scheduling
mechanisms are hardware-independent. The path clusters

and classifier obtained through offline profiling characterize
the intrinsic routing patterns of a target MoE-based LLM, and
support online sparsity-aware grouping, adaptive splitting,
and priority scheduling. These profiles are model-specific
rather than platform-specific. Therefore, when the hardware
changes, they can be reused without model re-profiling.

Nevertheless, several system parameters, such as the expert-
cache size and maximum batch size, should be adapted to
the target platform. An important factor is the platform’s
compute-bandwidth ratio, defined as 𝜌 = 𝐹

𝑊
(𝐹𝐿𝑂𝑃/𝐵𝑦𝑡𝑒),

where 𝐹 is the effective GPU compute throughput and𝑊 is
the data transfer bandwidth for transferring expert weights.
A higher 𝜌 indicates that expert I/O is more likely to be-
come the bottleneck, generally favoring a larger expert cache,
smaller batches, and more conservative group merging to
preserve activation sparsity. Conversely, a lower 𝜌 can toler-
ate more expert transfers, thereby favoring larger batches for
higher computation utilization. Currently, these hardware-
dependent parameters are determined through empirical
tuning. We leave broader cross-platform evaluation and au-
tomatic configuration tuning to future work.
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